Nowadays there are two prevailing delivery modes in the last mile delivery; one is the home delivery (HD) that vehicles deliver parcels to customers' homes; and the other is the customers' pickup (CP) that vehicle deliver parcels to some kind of intelligent express boxes where customers can pick up their parcels with free time. This article studies a green vehicle routing problem considering dual services (HD and CP) with stochastic travel times (GVRP-DS-STT) to provide customers with sustainable and diversified delivery services. The GVRP-DS-STT problem is formulated as a two-stage stochastic optimization model with recourse strategy. The purpose of the model is to minimize the total operational cost under stochastic environment. In addition, a two-stage heuristic algorithm integrating with a sampling strategy is developed to solve approximately the problem, the first of which is the greedy-based initial feasible solution generation, and the second of which is an improvement heuristic with late acceptance to explore the solution space. The computational results show that there are increasing benefit in terms of total operational cost, number of the vehicles used and loading rate with the increase of percentage of CP customers. The time windows have great effect on the operational cost, but more CP customers can reduce their impact. The stochastic model outperforms the deterministic model in terms of total operational cost.
I. INTRODUCTION
The transportation sector is becoming an increasing contributor of greenhouse gas (GHG) emissions. Worldwide, in 2014 transport as a whole was responsible for 23% of total CO2 emissions from fuel combustion, and road transport was responsible for 20% [1] . Many efforts have been made to encourage transportation enterprises to develop new operational modes or introduce cleaner fuels through innovative technology and management operations [2] . Such efforts are aimed at reducing fossil-fuel usage by road [3] . As part of such efforts, renewed attention is being given to efforts to convert their traditional fleets of vehicles to Alternative Fuel Vehicles (AVFs) to reduce GHG emissions [3] . However, the introduction of AVFs in transportation sector brings new The associate editor coordinating the review of this manuscript and approving it for publication was Omar Khadeer Hussain . challenges on the operational optimization, especially in the last mile delivery in urban areas, such as the fuel tank capacity limits the vehicle's service range.
Another effort to reduce vehicle miles traveled, thus, fossilfuel usage, is to innovate efficient delivery mode and consider stochastic travel times when making delivery plans, such as Unmanned Intelligent Express Boxes which are put near residence community or business zone, and vehicles deliver parcels to them and put parcels in them, all nearby customers can pick up their parcels in their free time. This mode reduces the ''missing'' visit with customers, which reduces the second delivery with additional miles traveled. The model is called customers' pickup (CP) [4] . CP is becoming an increasingly popular delivery mode among express companies for online buyers in the last mile delivery because of its time flexibility, both in the academic literature and in practical industry [5] - [7] . Home delivery (HD) means that vehicles must arrive at predetermined customer locations within predetermined time windows, or vehicles have to deliver for second or third time. A difference between them is that there is no strict time window constraints in CP which means vehicle can delivery parcels to CP at any working time (such as 9:00-17:00), while vehicle only serve within strict time windows for HD customers (such as 9:00-9:30). In addition, a customer pickup facility generally serves more than 20 consumers, and CP service helps decrease travel distances which alleviates urban congestion and reduces environmental pollution. For example, Zhou et al. [8] , [9] and He et al. [10] described shared distribution center (or depot) with HD service and CP service; the results show the great environmental benefits of the combination of delivery options.
However, one important issue is that customers with HD service and customers with CP service are served by the different vehicles which are studied by Zhou et al. [4] , [8] , [9] where bi-level vehicle routing problem is studied in which a vehicle only serves HD nodes or only serves CP nodes. This mode leads to more vehicles used and travel distances. Therefore, combining CP service and HD service in the same vehicle helps obtain a trade-off among delivery cost, service level and GHG emissions because customized and diverse needs can be met with less vehicles and delivery times.
Another important issue is that the deterministic variant described in Edwards et al. [7] did not consider real-life situations, e.g. it ignores bad weather or congestion which results in stochastic travel times. This motivates us to study a stochastic variant of this problem. Therefore, in this paper we focus on the last mile delivery problem considering dual services with stochastic travel times.
The paper is organized as follows: Section 2 reviews the literature. In Section 3, a two-stage recourse model for the stochastic variant is established. The first stage deals with the deterministic variant, and the second stage incorporates stochasticity via sample generation. Section 4 designs the metaheuristic and sampling strategy. In Section 5, the computational results are analyzed. Finally, Section 6 concludes the paper.
II. LITERATURE REVIEW
The static VRP considering dual services was proposed recently. Zhou et al proposed the location-routing problem considering home delivery (HD) service and customers' pickup (CP) service [3] and formulated the mathematical models in which the HD customers and CP customers are not served by the same vehicle, a heuristic based on generic algorithm combined with simulated annealing was proposed to obtain near-optimal solutions. However, in the context of both HD service and CP service, the time windows to deliver must be considered because of their differences, for CP service, the vehicle can arrive at CP service points at any time within the planned period, and customers can pick up their parcels in their free time; the difference is that the vehicle must arrive at the customer location and hand parcels to customers within the predetermined time windows for HD service. In real-world situations, the same vehicle usually serves the HD customers and CP customers in its route. Besides that, we mainly focused stochastic problem in this paper, and considering stochastic variants of problem can produce potential profit for enterprises in the last mile delivery [11] . At present, most researchers pay much more attention to the location of CP facilities and static VRP with HD and CP services.
Chen et al. [12] discussed the effect of customers' pickup distance on pickup points' attraction and established two mixed-integer program models including probabilistic-choice model optimal-choice model based on competitive location and gradual coverage theory. The immune algorithm was proposed and a random example was used for verification, and results show that choice behavior of the customer had a significant impact on the pickup point location decisions. Moreover, Lin et al. [13] , [14] further studied the CP location choices considering the effect of HD service on customers and built a bi-level optimization model for pickup point location under customer choices with customers bounded rationality. Zhou et al. [8] investigated a location-routing problem with HD and CP service considering multi-sized pickup points where different size pickup facilities were corresponded to different open costs, during the delivery, customers could change their choices with a certain probability. Furthermore, Zhou et al. [9] focused on two-echelon distribution system with delivery options in the last mile delivery; a multi-population genetic algorithm was designed to solve approximately the problem. However, above literatures mainly focus on static variants, which can increase the number of vehicles used and travel distance [15] - [17] . In addition, due to the neglect of the time windows of customers, vehicles may not arrive in customer locations on time and ''miss customers'', which results in a second or third delivery [18] , [19] .
When it comes to the solution method part, both exact and heuristic algorithms have been widely used to solve vehicle routing problems. Some small-scale instances (such as with no more than 60 customers) can be solved by the exact algorithms with good performance, e.g. the Branch-and-cut algorithms [20] , the column generation [21] , the branch and cut and price [22] , the branch-and-price [23] , the bidirectional labeling algorithms [24] and the L-shaped method [25] . However, exact algorithms spend too much time in solving large-sized (with more than 100 customers) and medium-sized problem (with customers ranging from 60 to 100), even cannot obtain solutions within acceptable time (within 2h). Therefore, heuristics are applied to solve approximately the real-life and large-sized VRP. In most situations, hybrid heuristic algorithms are designed to explore solution space to obtain better solutions, e.g. genetic algorithm combined with simulated annealing [4] , the Tabu search with local search [26] , the ant colony algorithm empowered variable neighborhood search [27] and other hybrid neighborhood search algorithms [28] - [30] . In addition, some hybrid algorithms combining heuristics and exact methods also are applied to solve approximately VRP, such as greedy randomized adaptive search procedure (GRASP) combining with iterated local search (ILS) [31] , a local searchbased metaheuristic combining with an integer programming approach [32] , a modified Nawaz-Enscore-Ham (MNEH) constructive heuristic combining with the Lin-Kernighan-Helsgaun (LKH) heuristic and Lin [33] and a tabu search and a diversification phase with the exact solution of integer linear program models [34] , [35] .
In summary, the contributions of this paper are listed as follows:
We firstly proposed the stochastic variant of vehicle routing problem with HD and CP service.
We design a two-stage hybrid heuristics addressing the characteristics of this issue.
Finally, we generate some instances, and experiments show the substantial economic and environmental benefits of simultaneous HD and CP services with stochastic travel times.
III. FORMULATION
The VRP considering duals services with stochastic travel times can be formally defined as follows. Let (N ∪ {0}, A) denote a complete directed graph with node set N ∪ {0} and arc set A, where node 0 stands for the depot and N represents the customer set including home delivery (HD) customers N h and customers' pickup (CP) customers N c . Each arc x ij , i ∈ N , j ∈ N \i has a stochastic travel time t ij , while with a constant distance d ij . Each node has a demand d i and time window [e i , l i ] during which a set of K homogeneous vehicles with capacity Q makes deliveries. The plan period horizon is T . Vehicle driving range constraints are depend on fuel tank capacity L, Let r represents the vehicle fuel consumption rate (liters per km).
A. THE STOCHASTIC FORMULATION
We next introduce an arc-based formulation. Let x ijk ∈ {0, 1} be a decision variable that indicates whether a vehicle k travels from node i to j, ∀i, j ∈ N ∪ 0. y ik ∈ [0, Q] represents the capacity remaining on vehicle k after service to node i. z ik ∈ [0, T ] is the time of departure of vehicle k after service to node i. All notations used are listed as follows:
Then the first stage formulation can be established as follows:
j∈N ∪{0}\{i}
i∈N k∈K j∈N ∪{0}\{i}
In above model, the objective is to minimize the total cost. The constraint (2) ensures that there is only one visit per node, and constraint (3) guarantees the flow conservation. Constraint (4) indicates that each vehicle starts and ends at the depot. Constraints (5) and (6) represent time constraints. Constraints (7) and (8) represent capacity constraints. Constraint (9) ensures that the fuels each vehicle consumes do not exceed its capacity. Constraint (10) declares the decision variables.
The second stage model with stochastic travel times is built as follows:
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where τ jk is the arrival time for vehicle k, α i is a 0-1 variable which indicates whether the time window is violated. r k is the route time of vehicle k. Equation (11) 
B. EXPECTED RECOURSE COST
In case of stochastic travel times, the expected recourse cost (ERC) need be calculated with respect to the obtained solutions; then the solutions are ranked. According to the law of large numbers, the expected values of stochastic variables can be evaluated approximatively by means of stochastic simulation. Take the solution x as an example, the procedure is as follows [36] - [41] : Procedure 1: Calculation of expected values based on stochastic simulation:
Step 1. s ← 1, sum 0 = 0, and N 0 is defined as the sample size;
Step 2. if s ≤ N 0 , repeat Step 3 -Step 6, otherwise start Step 8;
Step 3. c ← 0;
Step 4. t c(c+1) is generated according to probability distribution and the ERC is calculated using Equation (10) -Equation (14);
Step 5. sum 0 ← sum 0 + f (i c , ξ ), c ← c + 1;
Step 6. if c ≤ m, back to Step 4, otherwise back to Step 7;
Step 7. s ← s + 1 and back to Step 2;
Step 8. E[f (x, ξ )] = sum 0 /N 0 . The expected value of violating the duration is also calculated as described above.
IV. THE SOLUTION METHOD A. FRAMEWORK OF THE SOLUTION METHOD
Researcher can approximately solve deterministic VRP instances with hundreds of customers using heuristic algorithms because of their high efficiency. In this section, we describe our framework of hybrid heuristics with the sample strategy (HH-S).
Procedure 2: Framework of HH-S:
Step 1. for m = 1, 2...M ,(M represents the number of batches) do step 2-3:
Step 2. Generate a sample of size N .
Step 3. Optimize the feasible solution iteration by iteration and get optimal solutionx m N and objective valuev m N using HIG-LA (see Algorithm 1).
Step 4. Then calculate the lower boundv M N of stochastic problem according to Burke et al. [35] as follows:
Step 5. Generate a large sample of size N to estimate the M optimal solutionsx m N , m ∈ M , and then obtain the upper boundsv m N which are unbiased estimators of the ''true'' values [35] as follows:
where G(x * m , ξ j ) is a function of two variables x and ξ j , σ 2 v m N is the variance.
Step 6. Select the solution with the smallestv m N from the M solutions and calculate the optimal gap gap =v m N −v M N . If gap/v M N is less than 5%; the SAA converges and the x * m is selected. Stop, or increase the sample size N and return step 1.
In Step 3 above, we design a hybrid iterated greedy heuristic with late acceptance (HIG-LA) to improve the feasible solution based on a sample of size N iteration by iteration. HIG includes two stages: the first stage is to generate initial feasible solutions (see B) , and the second stage is an improvement heuristic including four neighborhood search strategies (see B). In addition, in order to avoid local optimum, we apply late acceptance strategy to evaluate and decide whether to accept a new solution during the improvement heuristic and its pseudo-code is presented in table 2.
B. TWO-STAGE ALGORITHM
In this subsection, we describe a two-stage solution method including initial solution generation heuristic based on greedy algorithm and improvement heuristic based on neighborhood search. The initial solution generation heuristic can be described as follows:
1. For each of remaining customers from the unserved customer set, for each location of each route among the routes (including the empty route), operate insertion operation.
2. Evaluate the cost change induced by the insertion operation at each point in the route.
3. Rank the insertion operations by nondecreasing cost and keep the most profitable one.
We generated 100 initial feasible solutions and chose the best one as the input in the second stage. In order to improve the initial solution, the following neighborhood search (remove-reinsert operation, respecting a first-removed first-reinserted rule) is applied: We implement a tabu operator which makes the neighborhood search more diverse about above 4 pairs of remove-reinsert operators. It is similar to the tabu search. Suppose that some remove-reinsert operator not improving the solution more than I s iterations will be inserted into a tabu list, it is then not allowed to be applied in the next 3I s iterations. Another remove-reinsert operator is selected randomly among remaining ones.
V. IMPLEMENTATION AND ANALYSIS
This section presents computational results to assess the advantage of stochastic model and the proposed algorithm. The algorithm is run in Java and executed on an Intel Core i5-3337U 1.8GhZ computer. The parameters used for the algorithm are total iterations I = 2000, the number of customers removed and reinserted at each iteration is N c = 0.05n , where n represents the number of total customers, the tabu number is I s = 10 which means another remove-reinsert operator is selected randomly if previous one does not improve the solution after 10 iterations.
A. TEST INSTANCES
To analyze the performance of model and algorithm, we designed and generated 20 instances, dividing into four groups in which the percentage of customers' pickup (CP) customers range from 0, 10%, 30%, 50%. The four groups of instances have 30 customers, 60 customers, 90 customers and 120 customers, respectively. Because of lack of real data as described above, we designed an instance generation algorithm within certain area.
A detailed description of the instance generator can be found in Algorithm A in the appendix, which has two important control parameters: the maximum number of total nodes served and the percentage of CP nodes. Obviously, each home delivery (HD) customer has a parcel to be delivered, while the number of parcels at each CP facility is assumed to follow normal distribution N (4, 1). The travel times are assumed to follow normal distribution N (µ ij , µ ij /10), where µ ij is the mean travel time. In addition, the planning horizon is 240min, the location of depot is (11200, 6400) and other nodes is generated randomly with x ∈ [0, 28000] and y ∈ [0, 14000].
In addition, in order to test the impact of time window constraints on the schedule, we generate three types of instances with strong, medium and loose time window constraints, respectively. The time windows are generated as described by Solomon and Marius [37] and Li et al. [11] . For node i, the center (cen i ) of time window is generated randomly within the interval [e 0 + µ 0i , l 0 − µ i0 ]. Assume that the widths (tw) of time window are 30, 50 and 100, then the time window for HD node i is [e i , l i ] = [cen i − tw/2, cen i + tw/2]. Therefore, we generate additional 48 instances to test.
B. COMPUTATIONAL RESULTS
The results for the 16 instances are presented in Table 4 , where we report the instance identifier, the number of nodes, the percentage of CP facilities (Per of CP), the demand quantity, the total cost (TC), the expected recurse cost (ERC), the number of vehicles (NoV), the unit cost and the loading rate of vehicles. The results for additional 48 instances with different time window constraints are obtained in Table 5 , where we report the changes of TC with respect to different time windows and percentages of CP facilities.
We can find that in Table 4 the expected recourse cost has a decreasing tread along with the increase of the percentage of CP facilities. This shows that the CP facilities can significantly reduce the impact from the change of travel times on delivery cost.
In addition, we also find that the total cost reduces along with the increase of the percentage of CP facilities in small instances (the number of nodes, N=30), while the demand quantity reduces from 30 to 74. In large and medium-sized instances (N ≥ 60), the total cost increases with the increase of CP facilities, it is a result of significant increase of demand quantity (the demand quantity ranging from 60 to 157 in Instance 5-8, from 90 to 234 in Instance 9-12 and from 120 to 293 in Instance [13] [14] [15] [16] .
Finally, in terms of unit cost and loading rate, we get great improvement along with the increase of the percentage of CP facilities in all instances, especially in large instances. The unit cost is less in large instances (it is 3.23 when N = 120) than that in small instances (it is 5.17 when N = 30), and the loading rate is higher in large instances (it is 84.6% when N = 120) than that in small instances (it is 76.5% when N = 30), which shows that the CP facilities can help realize the scale economy of logistics.
We can find that, in Table 5 , the TC has the reduction trend for the same instance with the increase of time window width. The reason is that vehicles have more flexible and profitable choices to deliver parcels to customers under the loose time window constraints. Another interesting finding is that the TC keeps on a smaller increase, while the demand increases by several times, even the TC decreases especially in small instances (e.g. instance 1-4 when tw=30), which shows the great potential profit of CP service. 
C. COMPARISON BETWEEN DETERMINISTIC AND STOCHASTIC SOLUTIONS
In order to make a comparison of both methods, we presented the results for both the methods as shown in Table 6 , where we report the instance identifier, the number of nodes, the percentage of CP facilities, the demand quantity, and the total cost (TC), the expected recourse cost (ERC) and CPU time of deterministic (labeled by the d) and stochastic (labeled by the s) solutions, respectively.
We can conclude that the ERC has no significant difference between the deterministic and stochastic solutions on average value. However, the TC of stochastic solutions has a great decrease (a decrease of 11.03 percentage on average) compared to the deterministic solution, though the CPU time is larger than that of the deterministic solution. In addition, with the increase of CP service, the CPU time decreases fast, the reason may be that the computational complexity is reduced without the strict constraints in terms of time windows. All in all, the comparisons between the two methods confirm the benefit and effectiveness of the stochastic approach.
D. PERFORMANCE ANALYSIS
To demonstrate the effectiveness of our algorithm, we solve these instances in Table 4 using genetic algorithm (GA) which is a classical method to solve VRP and our proposed algorithm under deterministic environment, 16 instances with the number of customers ranging from 30 to 120 are tested. The results are shown in Table 7 . Compared with those obtained by GA, the overall mean cost reduces 27.2% with the same number of vehicles used, which validates the effectiveness of our algorithm.
VI. CONCLUSION
This paper studies on a vehicle routing problem considering dual services with stochastic travel times. A two-stage stochastic programming model with recourse strategy is established, and in order to solve approximately the stochastic problem, a hybrid two-stage heuristic algorithm including greedy-based initial solution generation heuristic and improvement heuristic with late acceptance is designed.
We find that dual services can reduce operation cost significantly as well as reduce the number of vehicles used. Moreover, with the increase of customers' pickup (CP) service, expected recourse cost decreases, which means that vehicles can deliver parcels to customers with high one-time success rate and avoid the second even third delivery, greatly improving the service experience of customers. In addition, we also thoroughly study the effect of dual services on operation cost under different degree of time window constraints and find that it can reduce negative effects of strong time window constraints on operation cost. More importantly, the results of deterministic and stochastic approach confirm the benefit of stochastic model.
Our research provides logistics enterprises with theoretical guidance in last mile delivery, but one of the limitations of this research is that we are focusing solely on stochastic simulation in terms of stochastic travel times. Also we will focus on the multi-time window delivery for each home delivery (HD) customer to avoid the called second delivery. 
APPENDIX INSTANCE GENERATION HEURISTIC PROCEDURE

